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Error Modeling Radar Rainfall Estimation Through
Incorporating Rain Gauge Data Over Upper Blue
Nile Basin, Ethiopia
Megbar W. Birhan, U. Jaya Prakash Raju and Samuel T. Kenea
Abstract—Accurate and precise measurements of rainfall from
weather radar reflectivity data is essential to supplement the
limited characterization of spatial and temporal measurements
provided by insufficient network and density of rain gauges.
While weather radar has high spatial and temporal resolution, it
contaminated with various sources of errors due to the conversion
of reflectivity to rain rate and the projectile rainfall motion. Error
modeling improvement with the application of projectile rainfall
motion correction is essential to improve the radar data. However,
stile is not well documented for over the world as well as Ethiopia.
Therefore, the aim of this study was to generate an error model
for weather radar rainfall estimation by incorporating gauge
rainfall data over upper Blue Nile basin, Ethiopia. Projectile
rainfall motion correction is considered on the data of reflectivity
and rain rate to determine empirical error model parameter
values. The model parameter values are found, multiplicative
factor (a) was 55, the exponent factor (b) was 1.12, standard
deviation of proportional error was 0.08 and standard deviation
of random error was 0.07. The value of the total error varied
from −0.45 to 1.16 mm and the domain of proportional error
was greater than random error. After applying the projectile
rainfall motion correction, the total error is reduced by 12%. In
general, the assumption of projectile method is quite useful for
improving the radar data over upper Blue Nile basin in Ethiopia
as well as over the world. Hence, we wish to extend this method
for other regions.
Index Terms—Error modeling, gauge, rainfall, reflectivity,
weather radar.
I. INTRODUCTION
AN accurate and precise measurement of rainfall is afundamental requirement for improving the prediction
of weather systems and climate change [1]. Standard rain
gauges provide relatively accurate measurements at a single
location [2]. However, the number of standard gauge stations is
irregular and sparsely distributed in developing countries. For
example African Climate Policy center (ACPC) assessment
report indicates that the spatial coverage of African climate
stations is in the order of one station per 27,347 km2. In
Ethiopia, there are 319 meteorological gauging stations for
the entire area of 1,120,000 km2 (one station per 3,511 km2).
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It was reported by National Meteorological Services Agency
(NMSA). It is less than the World Meteorological Organi-
zation (WMO) standards, that is one station per 500 km2
for high population regions. Upper Blue Nile Basin (UBNB)
is similar with station in the rest of Ethiopia regions that
have high rainfall variability due to the mountainous terrain
and several converging air masses. Therefore, in addition to
gauge observation, alternative technologies such as satellites
and weather radar are useful to represent better spatial and
temporal coverage. Satellites are expensive regarding to cost
compared to the radar and it offers a global solution but their
resolution and accuracy is limited compared to weather radars
[3]. The estimation of quality rainfall data from single radar
provides quite useful and it gives important information for
flood prediction and it is expected by hydrologists [4], [5],
[6], [7].
Operating weather radar in a developing country poses
unique challenges to understand storm predictions. Developing
countries has also fallen behind in terms of new technolo-
gies and ways to measure radar rainfall estimates and new
radar operation techniques [8], [9] as Ethiopia is still stuck
with rain gauge measurements. The UBNB, Ethiopia is an
extremely important part of the country due to the availability
of precipitations, optimum temperature, and surface water and
underground water. At this region, the population density
is high [10]. Therefore, in addition to gauge measurement,
we need highly accurate and reliable weather radar rainfall
data within this area. Recently one C-band dual polarized
the first weather radar is installed within UBNB in 2016 by
the National Meteorological Institute of Ethiopia at Washera
to model rainfall over some vulnerable parts of the research
domain. This weather radar has its own specifications [11].
Thus, we had got this chance. We used weather radar
rainfall data for the first time from June 22 to July 14, 2016.
As we consider a short period of data in the study, due to
the power supply fluctuation, lack of skillful persons on this
new technology. Weather radar has the highest potential to
measure rainfall with required spatial and temporal resolution.
But, it provided only indirect measurements that leads many
sources of errors [12], [13] such as the additive error which
is random error, multiplicative error which is the proportional
error associated with Z and R, and physical error, which is
generated due to projectile rainfall motion, beam blockage,
clutter and overshoot of the signal [14], [15]. Beam blockage,
clutter and overshoot of the signal are not our interest; because
before installation of weather radar, we had taken deep study
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for prefer good sites to resolve those challenges.
Weather radar rainfall error modeling was well presented
in the previous reports [16], [17], [18], [19], [20]. Hardware
sources of errors are related to electronics stability, antenna
accuracy, and signal processing accuracy studied by [21]. Non-
meteorological errors are results of electromagnetic interfer-
ence with the sun and beam blockage due to topography error
is addressed by [13], [22], [23]. In the case of UBNB in
Ethiopia, spatiotemporal variability of rainfall using weather
radar Z-R relation model is investigated by [11]; however,
they have not considered the projectile rainfall motion errors.
From the scholars [18], [19] extracts errors in a better way
using least square and likelihood methods with compared to
other scholars. Even thought, they have not been verified
on the projectile rainfall motion errors. They are limited on
proportional and random error terms.
The projectile rainfall motion is an additional component of
physical error which is defined as the error due to horizontal
projectile of target droplet at the ground during the vertical free
fall motion. Weather radar observes rain droplets at some cloud
level. These rain droplets may not be straight to the ground
gauge stations due to wind shear. Therefore, an error modeling
improvement with the application of projectile rainfall motion
correction is essential for meteorologists and hydrologists to
extract accurate and precise rainfall data from weather radar to
provide accurate predictions. There was no previous study to
consider projectile rainfall motion errors in the world as well
as UBNB, Ethiopia. Therefore, to fill in this gap, this paper is
aimed as the error modeling radar rainfall estimation through
incorporating rain gauge data within mountainous topography
and sub-humid climates of Ethiopia by applied the projectile
rainfall motion correction.
II. DATA, METHODS AND SITE DESCRIPTION
A. Description of the study area
The UBNB covers a large area about 176,000 km2; and
extends from 7◦40‘ to 12◦5‘ N and 34◦25‘ to 39◦49‘ E which
is located in Ethiopian highlands (Fig. 1). The river extends
from Lake Tana to Sudan. The annual precipitation increases
from northeast to southwest [10]. Since the UBNB has the
share of the total Nile flow, it is the economic mainstay
of downstream countries (i.e. Sudan and Egypt) [24], [25].
Moreover, the Ethiopian highlands are highly populated and
have high water demands for irrigation and domestic uses
of their own. The topography of UBN is very complex with
elevation ranging from 500 m to 4160 m in the upper parts
of the basin [25]. Due to the topographic variations, rainfall
spatial and temporal distribution variability is high with a
limited elevation range. The mean annual rainfall and potential
evapotranspiration of UBNB are estimated to be in the ranges
of 1200 to 1600 mm and 1000 to 1800 mm, respectively [24],
[26]. Hence, accurate and prices rainfall data with a required
resolution from weather radar reflectivity data is essential to
study the rainfall variability on the water tower and high
population UBNB region. The rain gauge and weather radar
station distributions on the map to include in this study area
were provided in Fig. 1.
Fig. 1: Location map of UBNB from Ethiopia.
B. Data Availability
The hourly and daily reflectivity, height and directional
angle data is obtained from UBNB weather radar from June 22
to July 14, 2016. The corresponding gauge for hourly and daily
rainfall and wind data is obtained from National Meteorology
Agency from seven different stations (Bahir Dar, Dangla,
Motta, Debre Markos, Adiet, Debre Tabor and Gonder) located
on UBNB, Ethiopia from June 22 to July 14, 2016. We
selected the seven stations due to the availability of hourly
and daily rainfall data and their proximity to the radar site
over UBNB (see Fig. 1). The third daily precipitation and
wind data is obtained from European Center Medium-range
Weather Forecast (ECMWF) reanalysis dataset (ERA-Interim)
from June 22 to July 14, 2016. The current updating grid
horizontal resolution is 0.125 0.125 degree and daily time
scale. The data is analyzed using MATLAB and IRIS software.
C. Methodology
We have followed three steps in Fig. 2 to model rain rate
from the weather radar reflectivity data: 1) The projective rain-
fall motion is applied to estimate reflectivity (Zp) at horizontal
distance p and height h of a particular rain gauge. In addition,
conventional reflectivity Zc (perpendicular to the particular
gauge) at height h from the rain gauge location is recorded
from the weather radar; 2) The least square regression method
is applied on Z and R data to find the multiplication factor
a and exponential factor b. These relationships have been
conducted for both projected reflectivity Zp and conventional
reflectivity Zc; 3) Finally, proportional and random errors are
determined by applying likelihood function method.
1) Projective Rainfall Motion Correction: To determine the
atmospheric contact points of the radar above the ground, we
used the projectile rainfall motion assumptions. Wind, height
and directional angle data are very important to calculate
longitudinal (horizontal) distance using the projectile equation
of motion. The distance P is calculated by:
P(ϕ(h)) =
v2 sin2ϕ
2g
(1)
where P is the horizontal distance in meter, h is the altitude
in meter, v is the wind speed meter per second, ϕ is the
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Fig. 2: Three steps to model rain rate from the weather radar
reflectivity data.
directional angle between the horizontal and the trajectory path
in degree and g is the gravitational acceleration in meter per
second square.
Fig. 3: The trajectory path of rainfall motion from some
altitude to the ground station.
Radar is an areal rainfall reflectivity measurement technol-
ogy; which is observed rainfall at some altitudes. We are
considering three important points which are the left, the
middle and the right stars at some altitude from the ground,
and particular gauge stations located at the bottom stares
as shown the left panel of Fig. 3. Variable R is measured
from the gauge direct observation and compared to weather
radar Z-R relation error modeling products, assuming three
opposing directional angle and wind conditions. 1) First, daily
wind is assumed to be zero so that rain would fall directly
vertically to the gauge (from the middle star at some altitude
h to the bottom star at the ground particular gauge station).
The reflectivity, Zc, from the radar is collected at the same
coordinates as the rain gauge station. 2) Next, we assumed
a daily westerly wind generated projectile motion following
the westerly path (see Fig. 3). Thus, we collected reflectivity,
Zp data from the radar westerly distance ‘p’ from the normal
vertical distance h (considering the left top star in Fig. 3). 3)
Finally, we assumed an easterly wind causing rain to fall along
a projectile path to the right of the vertical (Fig. 3). Weather
radar reflectivity, Zp, is obtained from the radar at an altitude
h from an easterly position p distance from the normal vertical
line. Observed rain gauge measurements are obtained from an
individual ground gauge station.
2) Developing Z-R Relation: The Z-R relationship is an
empirical with power equation model [27], [28], [29]. To
determine multiplicative factor ‘a’ and exponential factor ‘b’
from Z-R relation power empirical equation, least square
method is followed with the data of Z and R. The power
mathematical equation is described as:
Z = aRb⇒ R = (Z/a)1/b (2)
where Z is the reflectivity data obtained from weather radar
with and without projectile rainfall motion assumption (Zp
and Zc). Variable R is the rainfall rate data obtained from rain
gauge stations around UBNB. We applied natural logarithmic
rule both sides in (2) to obtain
lnZ = lna+b lnR (3)
If we substitute lnZ as y, lna as m and lnR as x, we obtain
the following simple linear equation
y = m+bx (4)
where a is the exponential value of m (the y intercept) and b
is the slope of a function which is calculated by applying the
least square method.
3) Proportional and Random Errors Modeling: The last
approach in this study was determining proportional and
random errors by applying likelihood function method. Then,
we generated new empirical Z-R relation error model
R = (Z/a)1/b+(Z/a)1/bε1+ ε2 (5)
Assuming normally distributed error ε1 is a proportional
error term which is the mean value of the measured rain rate
R from (2) after determining ‘a’ and ‘b’ parameter values.
Parameter ε2 is a purely random error which is standard
deviation of the measurement rain rate R. The term (Z/a)1/bε1
represents the error component that is proportional to the
magnitude of Z and R. Based on the central limit theorem, the
sum of all errors tends to Gaussian distribution errors [16].
Recent studies [16], [18], [19] indicated that, weather radar
error may depend on the magnitude of R and Z. In order to
filter out the dependency, proportional error terms are essential.
The total errors of the measurement were clearly stated by (6).
ε = (Z/a)1/bε1+ ε2 = Ri− (Zi/a)1/b (6)
σ1 = std[(Z/a)1/bε1] (7)
σ =
√
σ21 + ε
2
2 (8)
The term σ1 in (7) is standard deviation of the proportional
error. The standard deviation of the total error is the component
of both error terms, which is calculated by (8). Substituting
the total standard deviation from both errors into probability
density function produced the likelihood function as shown in
(9) after some algebraic manipulation [30], [31], [32].
ε = (x1, . . . ,xn|0,σ2) =
(
1
2piσ2
)1/n
exp
(
−∑
n
i=1 xi
2σ2
)
(9)
where xi =Ri−(Zi/a)1/b. The application of natural logarithm
on both sides of (9) yields
Lf =−n
2
(ln2pi)− n
2
σ2− 1
2
(
∑ni=1 xi
σ2
)
(10)
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where Lf is a likelihood function and the term xi refers
to the total error associated with Z-R relation. The model
parameters a, b, σ are estimated simultaneously using the
maximum likelihood method from (10). The parameter values
which are maximized the likelihood function that satisfied
our error model requirements over the study domain. From
a practical viewpoint, the method of maximum likelihood
has proven robust and reliable in hydrologic applications
[30], [33]. After determined those four parameters, finally we
calculated rain rates from reflectivity. We also estimated the
correlation coefficient between rainfall from the gauge direct
observation and from the weather radar Z-R relation error
model. The biased ratio and mean relative error is calculated
by
Bias =
∑ni=1 Gi
∑ni=1 Ri
(11)
MRE =
∑ni=1(Ri−ECi)
∑ni=1 ECi
(12)
where MRE is mean relative error, Gi is represented gauge
observation, R is estimated Z-R relation model rainfall data
from the radar and EC is ECMWF ERA-interim rainfall data.
III. RESULTS AND DISCUSSIONS
Weather radar rainfall measurements are necessary to cap-
ture high spatial resolutions of rainfall data after the error
model parameters are determined. We estimated rainfall rate
from weather radar rainfall reflectivity and compared these
values against the gauge rainfall observation across Ethiopian
highlands.
A. Z-R Relation Parameter Values
The parameters a, b, σ21 , ε
2
1 for all selected stations are
determined using least square and likelihood function method
by applying projectile rainfall motion correction as described
in Section II-C. Debre Markos and Motta found that similar
parameter values, so considered Motta station parameter val-
ues. Similarly, we observed at Adiet and Dangla stations nearly
similar parameter values. Therefore, we took Dangla station
parameter values. After applying projectile rainfall motion,
Debre Tabor and Gonder stations have similar parameter
values. Hence, we took Gonder station. The parameters of
those stations were clearly shown in Table I. Parameter values
before the application of projectile motion correction were
a = 50, b = 0.89, σ1 = 0.30 and ε2 = −0.08. While after
the application of projectile motion correction is a = 55,
b = 1.12, σ1 = 0.08 and ε2 = 0.07 that satisfied our model
requirements, since those values which are maximized the
likelihood function.
B. Comparison of Gauge and Weather Radar With and With-
out Applying Projectile Motion
The range of daily wind speed at Bahir dar, Debre Markos,
Adiet, Debre Tabor and Dangla stations are varied from 0.12
to 2.73 m/s. However, at Gonder gauge station the wind speed
was slightly higher than the rest of the stations, which were
TABLE I: Estimation of model parameters for Bahir Dar,
Dangla, Motta and Gonder stations.
Station a b σ21 ε
2
2
Bahir Dar 30 0.65 0.010 0.020
Dangla 55 1.12 0.007 009
Motta 53 0.98 0.008 0.009
Gonder 50 1.10 0.016 0.074
TABLE II: The correlation between radar Z-R relation model
before and after the application of projectile rainfall motion
assumption and the gauge observation from June 22 to July
14, 2016.
Stations
The correlation between gauge and weather radar
Before projectile After projectile
motion correction motion correction
Bahir Dar 0.933 0.997
Debre Markos 0.917 0.995
Debre Tabor 0.846 0.977
Adet 0.889 0.997
Gonder 0.308 0.933
Dangla 0.973 0.994
within range of 2.10 to 5.31 m/s. The wind was a dominant
factor of the study period for large deviation of rainfall from
the gauge and Z-R relation error model from the radar. This
was clearly observed in the temporal variability of rainfall for
Dangla and Gonder gauge stations (see Fig. 4).
The green lines on Fig. 4 represents R is obtained from
gauge direct observation while black and red lines represent
R is obtained from Z-R relation empirical error model be-
fore and after applying projectile rainfall motion correction,
respectively. The correlation between measured rainfall from
rain gauge and estimated rain from Z-R relation model before
and after in the application of projectile motion is provided in
Table II.
The correlation between gauge observation and Z-R relation
error model rainfall data at Bahir Dar, Debre Markos, Adet,
Debre Tabor and Dangla is nearly the same before and after we
applied the projectile motion (see Table II). At Dangla station,
the correlation between gauge and Z-R relation model output
before and after the application of projectile motion was 0.97
and 0.99, respectively. The great difference between gauge and
Z-R relation error model before and after the application of
projectile motion is observed at Gonder station.
The variation of rainfall data taken from Dangla station from
the gauge direct measurements and Z-R relation error model
from the weather radar with and without projectile motion
assumption was minimum as shown in Fig. 4a. Because, the
range of the P value at an altitude of h in this station is varied
from 6.72 to 104.45 meter with an average of 21.381 meter,
this minimum horizontal projectile P distance is occurred due
to the minimum wind speed on the station.
Large uncertainty and high variability between gauge and
weather radar error model data without projectile rainfall
motion correction is observed at Gonder station, we can see
the bottom panel of Fig. 4. This variation might be occurred as
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(a) Dangla station (b) Gonder station
Fig. 4: Comparisons of rainfall observation at Dangla and Gonder gauge station with and without projectile rainfall motion
correction on the weather radar Z-R relation model rainfall observation from June 22 to July 14, 2016.
TABLE III: The range of the projectile zonal distance P.
Stations
The P value in meter
Pmax Pmin Pave
Bahir Dar 114.92 5.43 32.26
Debre Markos 120.11 11.09 82.71
Debre Tabor 1211.91 352.66 512.08
Adet 1098.73 278.84 420.90
Gonder 1782.42 922.78 1302.43
Dangla 104.45 6.72 21.38
the result of topography variability and strong wind shear as
mentioned in the above. Therefore, the maximum wind speed
at this station led to a large range value of P which is found
to be 178.42 meter horizontally, the rain that falls from some
cloud level to the ground. The largest difference in correlation
before and after projectile motion correction was 0.308 and
0.933, respectively. The correlation at this station became poor
because of the higher projectile motion (the largest P value)
due to strong wind shear (see Table III).
C. Estimation of Different Types of Errors Before and After
the Application of Projectile Rainfall Motion Correction
In this study, we demonstrate the proportional error, purely
random error and the total errors between the rainfall from
the gauge direct observation and estimated rainfall from the
weather radar Z-R relation error model.
Proportional error is depends on the magnitude of R and
Z (see Fig. 5 in part ‘d’ and ‘a’), whereas random error
remains independent (see Fig. 5 in part ‘e’ and ‘b’). It is agreed
with [18], [19] findings. Before the application of projectile
rainfall motion correction, proportional error is varied from
-0.60 to 3.30 mm with an average of 0.30 mm. The value
of random error is varied from -1.70 to 0.50 mm with an
average of -0.08 mm. The range of proportional error was
greater than the random error. The difference between rainfall
that is obtained from Z-R relation model and gauge direct
observations is referred to as the total error. It varied from -
0.90 to 2.30 mm with an average of 0.24 mm refer the left; top,
middle and bottom panels of Fig. 5, respectively. The weather
radar error model is studied by [18], [19] and they found
that proportional error is varied from -3.70 to 3.90 mm and
random error is varied from -1.50 to 1.00 mm. The range of the
total error is varied from -3.70 to 3.90 mm. Hence, our error
results before the application of projectile motion assumption
were nearly similar with previous reports [18], [19]. After the
application of projectile rainfall motion correction, the range
of proportional error is varied from -0.60 to 1.44 mm with an
average of 0.08 mm. The value of random error is varied from
-0.74 to 0.40 mm with an average of 0.07 mm. The range of the
total error is varied from -0.45 to 1.16 mm with an average of
0.12 mm as shown on the right; top, middle and bottom panel
of Fig. 5, respectively. Hence, after we applied the projectile
rainfall motion correction, the error was slightly less than the
previous reports [18], [19]. Our error results before and after
the application of projectile rainfall motion assumption are
also inconsistent. Hence, the proportional error from 0.30 mm
reduced to 0.08 mm by 22%. While, random error from -0.08
mm reduced to 0.07mm by 1% and the total error is reduced
by 12%. Therefore, the application of projectile rainfall motion
assumptions is quite useful to estimate error model parameter
components in addition to the other suggested methods.
D. Estimation of Rainfall Bias Between Weather Radar After
Applied Projectile Rainfall Motion Correction and Gauge
Measurements
At Bahir Dar station on June 24, 2016 and at Dangla station
on June 23 and 24, 2016 the bias graph shows discontinuity,
because with this days zero rainfall observation is recorded in
the gauges (see Fig. 6).
The value of the bias at Bahir Dar station is varied from 0
to 1 with an average of 0.91. At Gonder station, the value is
varied from 0 to 8 with an average of 1.2, whereas, at Dangla
station, the value is varied from 0 to 1, with an average of
0.82. On day 24, 2016 the bias shows the highest variation
among the three stations. In this finding, the range of the bias
is slightly less than the previous reports [17], [19]. For example
[19] found that the range of the bias is varied from 0.98 to
1.02 mm.
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Fig. 5: Proportion, random and the total errors before and after the application of projectile rainfall motion correction.
Fig. 6: The biases of the three stations between weather radar
rainfall observation after we applied projectile correction and
gauge observations from June 22 to July 14, 2016.
E. Weather Radar Rainfall Observation with the Total Error
and After Removing the Total Error
The comparison of rainfall observation from weather radar
error model with the total error and after we removed the
errors at Bahir Dar, Gonder and Dangla stations (Fig. 7).
The red line of Fig. 7 indicates the weather radar rainfall
observation with error, whereas the black line indicates the
weather radar rainfall observation after removing the error.
So, the magnitude of weather radar rainfall observation with
error was greater than without error. Since, rainfall is estimated
from the weather radar Z-R relation model is contaminated
with various sources of errors. After removing such errors,
we obtained the true value of rainfall information with respect
to the gauge measurement. At Bahir Dar gauge station, the
range of rainfall with error is varied from 0.2 to 0.5 mm/h
and without error is varied from 0 to 0.35 mm/h. In Gonder
gauge station weather radar rainfall rate estimation with error
is varied from 0.3 to 1.5 mm/h and without error is varied
from 0 to 0.8 mm/h. At Dangla gauge station with error is
varied from 0.2 mm/h to 0.9 mm/h and without error is varied
Fig. 7: Weather radar hourly rainfall variation with error and
without error.
from 0 to 0.6 mm/h. The maximum deviation is occurred at
Gonder gauge station.
F. The Performance of ECMWF ERA-Interim Data Against
Z-R Relation Model Precipitation Data From the Radar After
Removing the Total Error
The top-left panel of Fig. 8 depicts the spatial distributions
of rainfall from the radar Z-R relation model after projectile
rainfall motion error correction is applied using the IRIS
software. While, the top-right panel is depicted from ECMWF
ERA-interim precipitation data using MATLAB software on
07 July 2016. The radar is installed on 11.10 latitude and
37.40 longitudes. It scans the precipitation in the radius of
250 km in constant amplitude plane position indicator products
(CAPPI) and rain N products. Therefore, it covers 8.8 N to
13.00 N and 34.4 E to 39.2 E degrees. In this domain, the
maximum amount of rainfall is found in the southern and
eastern parts of the radar with an estimated value of 26 mm
from the Z-R relation model. Similarly, from ECMWF data,
the maximum amount of rainfall is found in the southern and
eastern parts of UBNB within the radar domain an estimated
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Fig. 8: The comparisons between ECMWF and Z-R relation precipitation data from 22 June 2016 to 14 July 2016.
value of 23 mm (see the top-left and top-right panel of Fig. 8).
As indicated above, in the western parts of the radar, there is no
rain observation but it may rain because of ground clutters, the
transmitted signal is reflected back to near the radar receiver
before reaches the farther targets. The range of rainfall from
the radar Z-R relation model is varied from 2-26 mm with the
spatial average value of 16.2 mm, while ECMWF ERA-interim
is varied from 5-23 mm with spatial average value of 15.4 mm.
The bias ratio and mean relative error between ECMWF and
Z-R relation model were found 0.95 and 0.05, respectively.
The spatial correlation coefficient of rainfall from the radar Z-
R relation model and ECMWF was 0.76. This suggests better
relationship between them.
For further investigation, a cross comparison of rainfall
from the radar Z-R relation model and ECMWF ERA-interim
reanalysis data is also performed (see the bottom-left and
bottom-right panel of Fig. 8). The 23 coincident day data from
22 June 2016 to 14 July 2016 is obtained from the radar and
ECMWF reanalysis depends on the availability of the radar
data. Both the bottom-right and bottom-left panel of Fig. 8
are illustrated using MATLAB software. The range of rainfall
from ECMWF ERA-interim is varied from 5-34 mm with
spatio temporal average value of 20.01 mm (see bottom-right
panel of Fig. 8). While the radar Z-R relation model is varied
from 2.1-36.3 mm with spatio temporal average value of 20.50
mm (see bottom-left panel of Fig. 8). The average difference
between them is 0.49 mm. It has a good performance as we
considered a short period of data. In the long year precipitation
data, the average difference between gauge and ECMWF was
0.11. Gauge and ECMWF is better agreement than radar Z-
R relation model and ECMWF. This is suggesting that, the
absolute difference of precipitation from the radar Z-R relation
and ECMWF is bounded within 49%.
IV. CONCLUSIONS AND RECOMMENDATIONS
By analyzing the Z-R relation rainfall data from UBNB
radar and R data from the gauge at different site around
UBNB, leads to the following conclusions. The significant
difference is observed at Gonder gauge station against the
Z-R relation error model from the radar by applying projec-
tile rainfall motion correction and without projectile motion
correction. This variation is occurred as a result of high
wind speed during rainfall over the region. The daily wind
is nearly zero, the error model before and after the application
of projectile motion is the same. Projectile rainfall motion
correction is essential to obtain accurate and prices of weather
radar rainfall data. The likelihood function is a very important
method to determine Z-R relation parameters. The average
value of rainfall data obtained from Z-R relation model is
greater than the gauge direct observation. This difference is
occurred due to evaporation, wind direction and the orienta-
tion of the gauge in the ground. The availability of gauge
stations in Ethiopia are very spares, it could not capture the
amount of rainfall variability in a required spatial and temporal
resolution. Therefore, an empirical Z-R relation model from
the radar is quite useful by considering projectile rainfall
motion correction. By applying the application of projectile
motion correction, the total error is reduced by 12%. After
the application of projectile rainfall motion correction, the
ECMWF and Z-R relation model showed good performance.
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From our analysis, the assumption of projectile method is very
important for improving the radar data over UBNB and we
wish to extend this method for other regions.
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